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Abstract 

Purpose:  Benefit or harm from early mobilisation (EM) in mechanically ventilated patients may vary by individual 
patient characteristics. We used machine learning to predict individualised treatment effects (ITEs) in the “Early Active 
Mobilization during Mechanical Ventilation in the ICU” (TEAM) trial.

Methods:  This was a secondary analysis of the TEAM trial using a causal inference approach to estimate ITEs, which 
compared enhanced EM to usual care EM. Baseline variables in the original publication were used as predictor vari-
ables. The primary outcome was death by day 180. The dataset was randomly split into two halves (train and test) by 
site. In the training data, fivefold cross-validation was used to compare six candidate machine learning algorithms. The 
best-performing model was evaluated in the test dataset. Patients were stratified into tertiles based on predicted ITEs, 
reflecting estimated benefit, no effect or harm.

Results:  We included 687 patients from 40 sites, and 141 (20.5%) patients died by day 180. Predicted ITEs in the test 
cohort ranged from an absolute 34.0% reduction to a 39.3% increase in mortality with enhanced EM. The interaction 
term between the model predictions and treatment assignment demonstrated significant heterogeneity of treatment 
effect (p = 0.006). Patients predicted to respond poorly to enhanced EM therapy were more likely to receive vasopres-
sors, have diabetes and have lower RASS scores at baseline, compared to patients predicted to have benefit.

Conclusion:  Using baseline characteristics, a machine learning model identified patients with estimated benefit or 
harm with enhanced EM. Future testing of a personalised approach to mobilisation in the ICU is warranted.
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Introduction
Critical illness and prolonged intensive care unit (ICU) 
stays are associated with complications, including 
muscle weakness, functional impairments and prolonged 
recovery [1, 2]. One of the most debilitating outcomes 
of prolonged ICU admission is ICU-acquired weakness, 
which can severely limit recovery, quality of life and 
survival [3–5]. Early rehabilitation and mobilisation (EM) 
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have been proposed to mitigate these negative effects, 
with the goal of promoting functional recovery and 
reducing long-term disability [6, 7]. However, despite 
the widespread use of EM protocols in ICU settings, the 
optimal timing, intensity and patient characteristics that 
predict benefit from EM remain unclear [8, 9].

Randomised clinical trials (RCTs) have demonstrated 
that EM can increase muscle strength and functional 
recovery, [7, 10, 11] but these studies typically report 
average treatment effects (ATE), which may obscure 
variations in individual responses to the intervention. 
Subgroup analyses of these trials often fail to account for 
the complex interplay of multiple patient characteristics 
that may influence the effectiveness of EM [12]. For 
example, factors such as age, comorbidities, sedation 
levels and the severity of illness may all modulate how 
a patient responds to EM [13, 14]. These conventional 
subgroup approaches are limited by their reliance 
on predefined categories, low statistical power and 
inability to model continuous or interacting variables, 
making them insufficient for capturing the full spectrum 
of heterogeneity of treatment effect (HTE). HTE 
refers to the variation in treatment response across 
individuals, and understanding it is essential for tailoring 
interventions to those most likely to benefit. To better 
understand these nuances, machine learning techniques 
offer a promising solution by accounting for multiple 
factors simultaneously [15]. In RCTs, these machine 
learning models have identified patients predicted to 
benefit from and be harmed by different interventions, 
such as oxygen targets [16] and intubation using a bougie 
[17]. Understanding the HTE may allow for prospective 
testing of more personalised, evidence-based approaches 
to ICU mobilisation, ultimately improving patient 
outcomes and reducing unnecessary risks [18].

The aim of this study was to use machine learning 
methods to examine how individual patient 
characteristics influence the effect of enhanced versus 
usual care EM on outcomes in the “Early Active 
Mobilisation during Mechanical Ventilation in the ICU” 
(TEAM) RCT [19].

Methods
Study population
Data for this secondary analysis compared enhanced EM 
(N = 346) to usual care EM (N = 341) for adult patients 
undergoing invasive mechanical ventilation in the 
ICU in the TEAM RCT. This multicentre trial enrolled 
patients from 49 different hospitals across 6 countries 
between February 2018 and November 2021. Patients 
in the enhanced EM group received daily physiotherapy 
sessions aimed at attaining the highest level of 
mobilisation for a longer duration of time (that was safe 

and tolerable) for the patient for an average of 21 min per 
day, up to 7 days a week. In contrast, those in the usual 
care EM group were mobilised according to the standard 
protocol followed at each site which was an average of 
9 min per day for 5 days a week.

The TEAM trial was approved by the institutional 
review boards of each participating country, and a waiver 
of informed consent was approved for the data to be 
transferred to the University of Wisconsin-Madison for 
analysis. The United Kingdom’s consent form did not 
permit data transfer to a third country, resulting in its 
omission from this analysis.

Statistical analysis
Study design
This study investigated the heterogeneity of treatment 
effect using an effect-based analysis (eFigure  1) and 
followed guidelines from the Predictive Approaches to 
Treatment Effect Heterogeneity (PATH) statement [20]. 
The TEAM trial dataset was randomly split into two 
halves (train and test) by site to ensure rigorous external 
validation in sites not included in the training data.

Predictor variables
All the baseline variables listed in Table 1 and Tables S1–
S5 of the original publication were candidates for 
inclusion. Variables with high missingness rates 
(> 35%) or high correlation (Pearson correlation 
coefficient > |0.7|) were removed. Small categories 
(< 10%) were combined or dropped if their combination 
with another variable was not clinically meaningful. 
The final variable list included demographics, frailty 
and function scores, conditions listed in the Functional 
Comorbidity Index, characteristics of the ICU admission, 
pre-randomisation treatment and selected vital signs and 
laboratory results (eTable  1). These characteristics were 
compared across the training and testing datasets using 
descriptive statistics (eTable  2). Bagged trees were built 
in the training data using the caret package’s ‘preProcess’ 
function in R to impute missing values in both the 
training and testing data [21].

Primary outcome
The primary outcome for this analysis was 180-day 
mortality, a pre-specified secondary outcome of the 
TEAM trial. This approach maintains comparability with 
the primary trial and aligns with its predefined statistical 
analysis plan.

Model derivation
In the training data, fivefold cross-validation was used 
to compare six candidate machine learning algorithms 
that were chosen based on our prior work [16]. The final 
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Table 1  Patient characteristics by individualised treatment effect on mortality tertiles in test set

Lower third (predicted 
benefit from enhanced 
EM)
N = 114

Middle third (predicted similar 
outcome w/ and w/o enhanced 
EM)
N = 114

Upper third (predicted 
harm from enhanced 
EM)
N = 114

Demographics, n (%)

 Age, years, mean (SD) 60 (17) 61 (14) 61 (14)

 Body mass index, kg/m2, mean (SD) 28.9 (7.6) 29.8 (7.2) 31.1 (7.0)

 Female sex 46 (40.4%) 40 (35.1%) 36 (31.6%)

 Employment status

  Retired or full-time home duties 56 (49.1%) 52 (45.6%) 49 (43.0%)

  Unemployed or othera 13 (11.4%) 17 (14.9%) 23 (20.2%)

  Employed, full or part-timeb 45 (39.5%) 45 (39.5%) 42 (36.8%)

 Type of home living

  Home alone or other 22 (19.3%) 24 (21.1%) 29 (25.4%)

  Home living with other people 14 (12.3%) 17 (14.9%) 26 (22.8%)

  Home with partner 78 (68.4%) 73 (64.0%) 59 (51.8%)

Frailty and function, median [IQR]

 Clinical frailty scale 3 [2, 4] 3 [2, 4] 3 [2, 4]

 Functional Comorbidity Index 1 [1, 2] 2 [1, 3] 2 [1, 3]

 Highest score on ICU mobility scale in week before 
ICU admission

10 [10, 10] 10 [10, 10] 10 [10, 10]

 WHODAS 2.0 6.2 [0.0, 15.6] 10.4 [2.1, 22.9] 10.4 [2.1, 31.2]

Functional Comorbidity Index conditions, n (%)

 Anxiety, panic disorders, or depression 8 (7.0%) 16 (14.0%) 23 (20.2%)

 Asthma 10 (8.8%) 15 (13.2%) 17 (14.9%)

 Congestive heart failure or heart disease 25 (21.9%) 22 (19.3%) 19 (16.7%)

 Diabetes type I and/or type II 6 (5.3%) 26 (22.8%) 45 (39.5%)

 Upper gastrointestinal disease 12 (10.5%) 15 (13.2%) 11 (9.6%)

ICU admission, n (%)

 Hours from ICU admission to randomisation, median 
[IQR]

69.6 [43.8, 116.0] 50.2 [29.4, 85.6] 47.9 [25.6, 79.5]

 Hours from hospital admission to randomisation, 
median [IQR]

108.3 [74.5, 171.8] 76.6 [50.3, 160.9] 65.3 [41.4, 120.2]

 Diagnosis

  Non-operative

   Respiratory 30 (26.3%) 27 (23.7%) 18 (15.8%)

   Sepsis 4 (3.5%) 16 (14.0%) 24 (21.1%)

   Other 12 (10.5%) 16 (14.0%) 33 (28.9%)

  Operative

   Cardiovascular 43 (37.7%) 29 (25.4%) 17 (14.9%)

   Gastrointestinal 8 (7.0%) 5 (4.4%) 13 (11.4%)

   Other 17 (14.9%) 21 (18.4%) 9 (7.9%)

 Source

  Planned

   After elective surgery 56 (49.1%) 32 (28.1%) 10 (8.8%)

  Unplanned

   From emergency surgery or from another hospital 
or ICU

19 (16.7%) 28 (24.6%) 62 (54.4%)

   From emergency department 21 (18.4%) 31 (27.2%) 34 (29.8%)

   From ward 18 (15.8%) 23 (20.2%) 8 (7.0%)

Pre-randomisation treatment, n (%)

 Corticosteroids 48 (42.1%) 51 (44.7%) 56 (49.1%)



14

model was then constructed using the algorithm with the 
highest discrimination (X-learner with a Bayesian addi-
tive regression tree or X-BART) built using all the train-
ing data. X-BART encompasses a meta-learner modelling 
strategy. The X-learner builds outcome models and sub-
sequently pseudo-treatment effect models on treatment 
and control patients separately and then weights predic-
tions obtained equally across models from both groups 
to form the final prediction. BART algorithms are a col-
lection of decision trees and resemble gradient boosting 
machine algorithms in that each tree is built to improve 
the performance of the previous tree but with random 
changes implemented to the trees to reduce overfitting. 
Default hyperparameter settings from the original ‘cau-
saltoolbox’ package were used [22]. Consistent with prior 
work, five distinct seed initialisations of the model were 
run, and the predictions were averaged across the runs to 
increase stability.

Model validation
Individualised treatment effect (ITE) predictions were 
obtained for each patient in the test set using the aggre-
gation of the predictions from the X-BART models 
described above. The fundamental problem of causal 

inference is that the outcome for an individual under 
both the treated and the untreated states can never be 
simultaneously observed. Consequently, model perfor-
mance assessment requires grouping similar patients and 
comparing treated versus untreated amongst the groups. 
Therefore, test dataset patients were ranked from most 
likely to benefit from EM (ITE closest to − 1) to most 
likely to experience harm from EM (ITE closest to 1) and 
then divided into three equal-sized groups, similar to 
prior work [16]. Plotting the subgroup ATE for each third 
allowed for model assessment with a monotonic increase 
across thirds, indicating a model with high discrimina-
tion and calibration. The significance of these predictions 
was tested with a likelihood ratio test for the inclusion of 
the interaction term in a logistic regression model for the 
outcome with treatment and prediction as independent 
variables.

Discrimination was assessed further with the Qini 
coefficient [23] and C-for-benefit statistic [24]. The Qini 
coefficient is derived from the area under the Qini curve, 
which displays the cumulative uplift in 180-day survival 
observed when treating proportions of the population 
prioritising based on predicted ITE from the fitted model 
compared to random allocation. C-for-benefit quantifies 

EM early mobilisation, SD standard deviation, IQR interquartile range, ICU intensive care unit, WHODAS World Health Organisation Disability Assessment Schedule, 
APACHE acute physiology and chronic health evaluation, GCS Glasgow Coma Scale, PEEP positive end-expiratory pressure, PF PaO2/FiO2, RASS Richmond Agitation-
Sedation Scale
a  Unemployed or other = unemployed (due to health reasons), unemployed (due to other reasons), other
b  Employed, full or part-time = employed, full or part-time, self-employed, full or part-time, student, full or part-time, non-paid work

Table 1  (continued)

Lower third (predicted 
benefit from enhanced 
EM)
N = 114

Middle third (predicted similar 
outcome w/ and w/o enhanced 
EM)
N = 114

Upper third (predicted 
harm from enhanced 
EM)
N = 114

 Renal replacement therapy 24 (21.1%) 23 (20.2%) 33 (28.9%)

 Vasopressor infusion 54 (47.4%) 76 (66.7%) 102 (89.5%)

Vitals and labs, median [IQR]

 APACHE II 15 [12, 19] 17 [13, 21] 18 [14, 24]

 Creatinine 106 [73, 130] 107 [74, 158] 108 [78, 173]

 GCS 15 [15, 15] 15 [15, 15] 15 [14, 15]

 PEEP, mean (SD) 8.6 (2.9) 8.7 (3.1) 8.8 (2.8)

 PF ratio, mean (SD) 247.8 (95.7) 234.8 (79.9) 242.7 (81.9)

 PaO2, mean (SD) 85.5 (20.5) 91.3 (45.9) 89.3 (27.1)

 RASS − 2 [− 4, − 1] − 4 [− 5, − 2] − 4 [− 5, − 3]

Treatment, n (%)

 Early mobilisation 53 (46.5%) 58 (50.9%) 60 (52.6%)

Outcome, n (%)

 Death at day 180

  Total 18 (15.8%) 27 (23.7%) 32 (28.1%)

  Early mobilisation 6 (11.3%) 13 (22.4%) 21 (35.0%)

  Usual care 12 (19.7%) 14 (25.0%) 11 (20.4%)

Average treatment effect (ATE), % (95% CI) − 8.35% (− 21.48, 4.77) − 2.59% (− 18.20, 13.03) 14.63% (− 1.53, 30.79)
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the probability of concordance between the predicted and 
observed benefit. A Qini coefficient above 0 and a C-for-
benefit above 0.5 provide evidence of discrimination 
above that expected by chance [23, 24].

To investigate whether the differences in treatment 
response identified by the model were reflections of 
variation in treatment intensity, the amount of time (in 
minutes) spent at each ICU mobility scale (IMS) level was 
compared between the treatment groups across tertiles.

Finally, secondary length of stay outcomes were 
summarised across tertiles in patients with and without 
the 180-day mortality outcome.

Model explanation
Descriptive statistics were calculated for all predictor 
variables across quantiles to compare the characteristics 
of those predicted to benefit versus those predicted 
to experience harm at the group level. Median and 
interquartile range (IQR) or mean and standard deviation 
were calculated for continuous variables in accordance 
with the statistics reported in the original publication. 
For categorical variables, counts and percentages were 
reported.

To obtain a variable importance summary, we 
quantified the influence of each variable on the prediction 
for each patient in the training set by taking the absolute 
difference between the original prediction and the 
prediction obtained when replacing a predictor variable 
with the median value from the training data population 
with all else held constant [25].

Sensitivity analyses
Three sensitivity analyses were completed to assess the 
robustness of the results. First, the analysis was re-run 
with the train and test data swapped to ensure results 
were consistent with the primary analysis (eTable  3). 
Second, additional Qini coefficients with confidence 
intervals (CIs) were derived using augmented inverse 
propensity weights (AIPW) and bootstrapping to 
calculate 95% confidence intervals and test for the 
significance of the Qini coefficient in addition to the 
significance tests performed using the C-for-benefit and 
the likelihood ratio test. Third, tenfold cross-validation 
was performed across the full dataset, allowing for a 
larger sample size for training. Discrimination and the 
correlation of the out-of-sample predictions themselves 
were compared to the results reported in the primary 
analysis.

Results
Patient characteristics
The final analysis included 687 patients from 40 different 
sites, excluding patients from the UK because we did not 

have consent for secondary use of their data. There were 
346 (50.4%) of the patients receiving EM and 141 (20.5%) 
who had died by day 180. As per the original trial, there 
was no significant difference between treatment groups 
for the outcome of 180-day mortality [ATE 95% CI 2.03% 
(− 4.02, 8.08)]. After randomly splitting the data into 
train and test cohorts based on site, the training cohort 
contained 345 patients from 20 sites, and the test cohort 
contained 342 patients from 20 sites. A comparison of 
summary statistics for these two cohorts across predictor 
variables is shown in eTable 2. A higher proportion of the 
patients in the training set was admitted to the ICU from 
the ward and had a primary non-operative respiratory 
diagnosis at admission, whilst the patients in the testing 
set were admitted to the ICU after a planned surgery 
and had a primary operative cardiovascular diagnosis at 
admission with higher levels of PaO2.

Model performance
In the training cohort, the X-BART model performed 
best and was used to develop the final model using all 
the training data. The predicted ITEs in the test cohort 
ranged from a 34.0 percentage point reduction to a 39.3 
percentage point increase in mortality with enhanced 
EM. The observed ATEs across tertiles of predicted 
benefit from EM therapy are shown in Fig.  1. Amongst 
patients in the lower third (who were predicted to experi-
ence benefit from enhanced early mobility), the ATE was 
− 8.35 (95% CI − 21.48, 4.77). Patients in the middle third 
showed neither harm nor benefit from enhanced EM 
[ATE 95% CI − 2.59% (− 18.20, 13.03)]. Finally, patients in 
the upper tertile showed a point estimate indicating harm 
from enhanced EM [ATE 95% CI 14.63% (− 1.53, 30.79)]. 
A significant likelihood ratio test (p = 0.006) for the inter-
action between treatment and the ITE predictions indi-
cated that the model’s discrimination was significantly 
better than expected by chance. This was further cor-
roborated by a Qini coefficient of 2.50 (eFig. 2), a C-for-
benefit of 0.60 (0.53, 0.69), and as demonstrated in eFig. 3 
(test set model calibration).

The mean differences in duration (minutes) spent at 
each IMS level did not differ significantly across tertiles, 
confirming the model was not identifying varying rates of 
treatment duration (eFig. 4).

Further, patients who experienced the outcome did not 
differ significantly in median days from randomisation 
to ICU discharge or randomisation to hospital discharge 
(eTable 4).

Model explanation
Values of the predictor variables across the tertiles 
can be seen in Table  1. Patients more likely to ben-
efit from enhanced EM were characterised by lower 
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median World Health Organisation Disability Score 
(WHODAS, less disability) and functional comorbid-
ity scores (fewer comorbidities), and a higher propor-
tion of admissions from elective surgery compared to 
unplanned admissions. Patients more likely to experi-
ence harm from enhanced EM had lower median Rich-
mond Agitation-Sedation Scale (RASS) scores, and 
a higher proportion were receiving vasopressors and 
diagnosed with diabetes at baseline. The top ten most 
important variables are demonstrated in Fig.  2A, and 
their trends can be seen in the individual conditional 
expectation (ICE) plot (eFig.  5). In the final model, 

the top three most important predictor variables were 
vasopressor infusion, RASS, and diabetes at baseline, 
and the relationship between these covariates and the 
ITE predictions is illustrated in Fig. 2B–D.

Sensitivity analyses
Three sensitivity analyses were performed. First, 
re-running the analysis run with the train and test data 
swapped resulted in a Qini coefficient of 2.14 (eTable 3) 
which demonstrates a similar level of discrimination to 
the primary analysis. Furthermore, diabetes, unplanned 
admission source “emergency surgery or from another 
hospital or ICU,” Functional Comorbidity Index, and 
primary diagnosis of “other non-operative” and “sepsis 
non-operative” all showed up in the top ten variables for 
both models.

Second, for the original analysis of train versus test 
split, the AIPW Qini coefficient was 2.67 (95% CI 0.37–
5.00) and for the analysis swapping of train and test data, 
the AIPW Qini coefficient was 2.40 (95% CI 0.21–4.59). 
Since these confidence intervals do not cross 0, they 
provide evidence that the model has discrimination that 
is statistically significantly better than chance.

Third, in the tenfold cross-validation using all the data, 
the median Qini coefficient in the left-out folds was 3.71, 
indicating slightly better performance than the 50/50 site 
split of the primary analysis. This increased performance 
is likely the result of the increased sample size for training 
and the random split being less rigorous than the site 
split. Furthermore, the correlation between predictions 
in the primary analysis test set and the tenfold cross-
validation was high (Pearson’s r = 0.82).

Discussion
This study sought to explore the ITEs of enhanced EM on 
critically ill patients in the ICU, with a specific focus on 
identifying which patient characteristics influence their 
response to the dosage of EM. Patients likely to benefit 
from enhanced EM were more likely to be admitted for 
planned surgery, and these patients were typically in 
better physical condition at baseline with less disability 
and fewer functional comorbidities. In contrast, patients 
who were predicted to experience harm from enhanced 
EM were more likely to have lower RASS scores at 
baseline, were more likely to require vasopressor support, 
and were more likely to have diabetes. These findings 
suggest that certain baseline factors, such as sedation 
level, need for vasopressor support, and comorbidities 
like diabetes, may impact a patient’s ability to safely 
tolerate or benefit from enhanced EM.

We discovered significant HTE with EM in TEAM. 
Specifically, the predicted ITEs in the test cohort 
ranged from a 34.0 percentage point reduction to a 39.3 

Fig. 1  Distribution of predicted individualised treatment effect 
distribution in the test set. The top plot shows a histogram of the 
distribution of predicted individualised treatment effects on mortality 
in the test set coloured according to the corresponding recommen-
dation by third (benefit from EM, no benefit or harm from EM, harm 
from EM). The bottom plot shows the third on the x-axis and the 
absolute risk difference (aka average treatment effect) on the y-axis 
with 95% confidence intervals. A monotonic, increasing trend from 
left to right is indicative of treatment effect heterogeneity and high 
model discrimination
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percentage point increase in mortality with enhanced 
EM. These findings suggest that enhanced EM may 
be advantageous for some, but detrimental for others, 
although our confidence intervals were wide. The overall 
mortality rate at day 180, as reported in the original 
trial, did not show a significant difference between 
the treatment groups, but our individualised analysis 
reveals that there may be important baseline variables 
within the patient population that can be used to predict 
individualised estimates of benefit or harm for mortality 
from enhanced EM, which were not captured by the 
ATE. Given the low number of adverse events and their 
previously published lack of association with mortality, 
further stratified AE analysis would be underpowered 
and unlikely to yield additional insight. We have, 
therefore, focussed on mortality-based heterogeneity.

The three most influential variables identified by 
the model, vasopressor use, diabetes, and RASS score, 
are clinically plausible predictors of response to EM. 

Previous secondary analyses of the TEAM trial suggested 
increased mortality associated with diabetes [26, 27]. The 
current analysis indicates that whilst many patients with 
diabetes are harmed with enhanced EM, a small number 
of patients with diabetes may benefit from enhanced 
EM. This individual treatment response to enhanced 
mobilisation in patients with diabetes may be due to 
the difference in severity of complications. Patients with 
underlying microvascular disease and poor perfusion, 
requiring vasopressors, or with autonomic dysfunction 
resulting in hypotension or arrhythmias, may have 
increased mortality. Alternatively, patients with fewer 
complications may respond well to enhanced mobilisation 
with improved glycaemic control, reduced ICU-acquired 
weakness, or improved cardiovascular function, resulting 
in improved survival. Patients receiving vasopressors 
and those with low RASS scores may be at increased risk 
of harm from EM due to their underlying physiological 
instability, haemodynamic compromise, and reduced 

Fig. 2  Chart of relative variable importance and individual treatment effect predictions stratified by vasopressor status, RASS and diabetes status. 
In A, x-axis shows the relative importance and y-axis shows the top ten most important variables ordered from highest to lowest importance. The 
individual treatment effect predictions stratified by vasopressor status (B), RASS (C) and diabetes status (D). EM early mobilisation, RASS Richmond 
Agitation-Sedation Scale, ICU intensive care unit, WHODAS World Health Organisation Disability Assessment Schedule
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capacity for active participation. Mobilising patients 
in this state may exacerbate hypotension, increase 
myocardial oxygen demand, and potentially lead to 
adverse events such as arrhythmias. Importantly, the 
study’s findings align with previous research emphasising 
the need for individualised treatment strategies in critical 
care settings [14, 27, 28]. In a previous study, healthy 
patients responded well to enhanced EM, whilst patients 
with pre-existing chronic disease required targeted EM 
mapped to their premorbid status [29]. Individually 
tailored sessions of mobilisation during the TEAM trial 
were based primarily on moment-to-moment clinical 
status, safety parameters, muscle strength and the 
patient’s immediate tolerance of activity. In contrast, 
when we refer to the HTE analysis in this study for 
individualised rehabilitation, we are highlighting a 
broader concept. Here, individualised rehabilitation 
refers to the potential for longer term personalisation of 
dosage, intensity and trajectory of rehabilitation based 
on patient-level characteristics (e.g. comorbidity burden, 
sedation levels, organ support). The HTEs revealed in 
this analysis highlight the limitations of a one-size-fits-all 
approach in EM in ICU. This reinforces the importance 
of a tailored approach to mobilisation, where patient 
characteristics help guide the decision-making process.

The timing of EM in ICU has been a key focus of 
research, with several small studies in medical ICU popu-
lations suggesting benefits from initiating mobilisation 
as early as possible after ICU admission [7, 11]. In the 
TEAM trial, patients were enrolled a median of 60 h after 
ICU admission, and 80% received a physiotherapy treat-
ment on the day of randomisation. Our findings indicate 
that patients from mixed ICUs (including medical, sur-
gical, and trauma units) who benefit from enhanced EM 
mostly had a longer interval between ICU admission 
and randomisation compared to those who experienced 
harm. This suggests that the optimal timing of mobili-
sation may vary based on individual patient character-
istics and the trajectory of critical illness. The timing of 
treatment exposure, specifically the interval between 
ICU admission and randomisation, may play a critical 
role in modifying the effects of EM. Some patients ran-
domised earlier in the ICU stay may be more physiologi-
cally unstable, with higher sedation levels, vasopressor 
requirements, or ongoing organ support, making them 
less likely to tolerate or benefit from enhanced mobili-
sation. This temporal variability in treatment exposure 
could influence both the feasibility and effectiveness of 
EM and may partially explain the observed heterogene-
ity in ITEs. Future analyses should consider incorporat-
ing time-to-randomisation as a covariate or stratification 

factor to better understand its interaction with treatment 
response.

A key strength of this study was the use of machine 
learning to assess treatment effect heterogeneity. 
Traditional analyses often rely on fixed subgroup analyses 
that fail to consider the complexity of individual patient 
characteristics. For example, the secondary analysis 
of the TEAM study found that patients with diabetes 
had increased mortality with higher dose mobilisation 
compared to lower dose mobilisation, but it failed to 
show harm in other patients without diabetes [27]. It also 
failed to show HTEs in patients with diabetes, and this 
analysis indicates that some patients with diabetes may 
benefit from enhanced EM. Indeed, this is the first study 
to identify a potential benefit in patients with enhanced 
EM. Prior post hoc analyses have only identified harm 
or no effect [27]. Machine learning techniques, such 
as X-BART, offer a more comprehensive approach by 
evaluating multiple factors simultaneously and creating 
individualised predictions of benefit. The sensitivity 
analysis, which involved swapping the train and test 
datasets, reinforced the robustness of these findings, 
demonstrating that the results were consistent even 
with different data splits. The Qini coefficient and C-for-
benefit statistic provide insight into the model’s ability 
to discriminate and rank patients by their predicted 
benefit from treatment. The Qini coefficient quantifies 
the cumulative gain in outcomes (e.g. survival) when 
patients are prioritised for treatment based on predicted 
ITEs, compared to random allocation. A Qini coefficient 
greater than zero indicates that the model provides value 
in identifying patients who benefit most compared to 
random allocation. In this analysis, a Qini coefficient 
of 2.50 suggests meaningful discrimination, with a 
similar value (2.14) observed in the sensitivity analysis, 
supporting model robustness. The C-for-benefit 
statistic measures concordance between predicted and 
observed treatment benefit, analogous to the C-statistic 
in risk prediction models. A value of 0.60 (95% CI 0.53–
0.69) indicates moderate discrimination, exceeding the 
threshold of 0.5 expected by chance. Whilst benchmarks 
for these metrics vary by context, values above 0.5 for 
C-for-benefit and positive Qini coefficients are generally 
considered indicative of potentially useful predictive 
performance in treatment effect heterogeneity analyses.

Whilst the study provides valuable insights into the 
individualised effects of EM, there are limitations to 
consider. The ITE estimates derived from the X-BART 
model are framed as causal effects, but valid causal 
interpretation requires several key assumptions. First, 
exchangeability must hold, meaning that—conditional 
on observed covariates—patients assigned to enhanced 
EM and usual care EM are comparable. This is 
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supported by the randomised design of the TEAM trial, 
which helps mitigate confounding. Second, positivity 
assumes that all patients have a non-zero probability 
of receiving either treatment, which is generally 
satisfied in RCTs but may be challenged by site-specific 
practices or exclusion criteria. Third, consistency 
requires that the treatment received corresponds 
precisely to the treatment defined in the analysis, which 
may be affected by variations in EM implementation 
across sites. Fourth, correct model specification is 
critical in machine learning-based causal inference; 
misspecification or overfitting can bias ITE estimates. 
Although the use of cross-validation, a held-out test 
set, and sensitivity analyses enhances robustness, the 
complexity of the model and the secondary nature 
of the analysis warrant caution. These assumptions, 
particularly in the context of flexible machine learning 
algorithms, should be considered when interpreting the 
ITE estimates as causal effects.

It is important to acknowledge that the original 
TEAM trial reported no overall mortality benefit 
from enhanced mobilisation. According to the PATH 
Statement [20], predictive HTE analyses conducted in 
the context of null trials are particularly susceptible 
to spurious findings unless they are strongly justified 
a priori. Whilst our analysis was pre-specified and 
followed rigorous methodological standards, including 
external validation and sensitivity analyses, the 
exploratory nature of this secondary analysis means 
that the findings should be interpreted with caution. 
Because absolute risk reductions (ARR) can vary with 
baseline risk, our use of ARR to summarise subgroup 
effects may reflect underlying differences in risk 
rather than true heterogeneity of treatment efficacy; 
relative effect measures such as risk ratios may offer 
more consistent comparisons across subgroups and 
should be considered in future analyses. An additional 
limitation to note is that enhanced EM was treated 
as a binary intervention to preserve the integrity of 
randomisation; this approach does not account for 
dose, timing or duration of actual exposure, which 
may have influenced observed treatment effects and 
limits inferences about individual-level responsiveness. 
Also, the post hoc exclusion of UK data, although 
necessary due to lack of consent, may have introduced 
selection bias, reduced statistical power and limited the 
generalisability of findings across different international 
healthcare settings. Although 180-day mortality was 
selected to align with the original TEAM trial, we 
recognise that outcomes during this longer time frame 
may be influenced by post-ICU co-interventions not 
captured in our analysis. Finally, whilst the model 
demonstrates strong predictive performance, the 

clinical applicability requires careful consideration, 
and further prospective studies are needed to validate 
these findings in the clinical setting. Future work could 
incorporate bootstrap-based confidence intervals for 
ITEs to further quantify model uncertainty.

Conclusion
This hypothesis-generating analysis supports further 
exploration of the individualised effects of the dosage of 
EM in critically ill ICU patients. By leveraging machine 
learning to explore treatment effect heterogeneity, 
key patient characteristics were identified that may 
influence the response to the dosage of EM. These 
findings advocate for a more personalised approach to 
mobilisation in the ICU, where patient-specific factors 
may guide the decision of whether and when to deliver 
enhanced EM interventions. Future studies should 
explore the clinical applicability of these individualised 
predictions and assess whether they should be 
integrated into routine ICU care to optimise patient 
outcomes.
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